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Abstract15

There has been a proliferation of dense observing systems to monitor greenhouse gas (GHG)16

concentrations over the past decade. Estimating emissions with these observations is of-17

ten done using an atmospheric transport model to characterize the source-receptor re-18

lationship, which is commonly termed measurement “footprint”. Computing and stor-19

ing footprints using full-physics models is becoming expensive due to the requirement20

of simulating atmospheric transport at high resolution. We present the development of21

FootNet, a deep learning emulator of footprints at kilometer scale. We train and eval-22

uate the emulator using footprints simulated using a Lagrangian particle dispersion model.23

FootNet predicts the magnitudes and extents of footprints in near-real-time with high24

fidelity. We identify the relative importance of inputs to FootNet. Surface winds and a25

precomputed Gaussian plume from the receptor are identified to be the most important26

variables for footprint emulation. The emulator helps address the computational bot-27

tleneck of flux inversions using dense observations.28

Plain Language Summary29

It is computationally expensive to infer greenhouse gas emissions using atmospheric30

observations. This is, in part, due to the detailed model used to represent atmospheric31

transport. This work demonstrates how a machine learning model can be used to accu-32

rately simulate high-resolution transport in the atmosphere. This type of machine learn-33

ing model will help researchers estimate greenhouse gas emissions using densely spaced34

observations, which are becoming increasingly common with the proliferation of dense35

urban monitoring networks and geostationary satellites.36

1 Introduction37

Monitoring anthropogenic greenhouse gas (GHG) emissions is important for en-38

suring the success of the Paris Agreement’s long-term goal on mitigating climate change39

(IPCC, 2022). To that end, there has been a proliferation of dense observing systems40

over the past decade to better track GHG emissions. There has been a substantial ef-41

fort to expand observation networks to better quantify urban GHG emissions, as the ma-42

jority of the world population lives in urban areas and the degree of urbanization is pro-43

jected to increase in the future (World Urbanization Prospects: The 2018 Revision, 2019).44

The Northeast Corridor GHG observation network was established to quantify emissions45

of carbon dioxide and methane using tower-based in situ measurements in the highly pop-46

ulated region (Karion et al., 2020). The BErkeley Atmospheric CO2 Observation Net-47

work (BEACO2N; Shusterman et al. (2016)) utilizes low-cost sensors to increase the spa-48

tial density of measurements, which could be used to investigate details about urban emis-49

sions on intra-city scales. The proliferation of urban GHG observation networks allows50

for decadal analyses of GHG emissions and provides information to improve the efficiency51

of GHG reduction policies (Mitchell et al., 2018; Lauvaux et al., 2020). There has been52

a coincident expansion in satellite GHG observations, which provide similarly dense ob-53

servations, such as NASA’s Orbiting Carbon Observatory-2 (OCO-2) and OCO-3, the54

TROPOspheric Monitoring Instrument (TROPOMI) onboard the Copernicus Sentinel-55

5 Precursor (S5P) satellite (Veefkind et al., 2012) for methane, and a planned constel-56

lation of GHG monitoring satellites (e.g., GOSAT-GW and MethaneSat).57

The increased volume of observational data sets provide more constraints on es-58

timating GHG emissions. However, current methods do not scale well with the incom-59

ing observations. The conventional method of inferring GHG emissions using atmospheric60

observations is done via atmospheric flux inversions (e.g., Jiang et al. (2017); White et61

al. (2019); Turner et al. (2020)). The state of the of the art in atmospheric flux inver-62

sions relies on either Eulerian models or Lagrangian particle dispersion models (LPDMs)63

to simulate atmospheric transport, which provides the linkage to relate observations to64
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surface fluxes. For example, the four-dimensional variational (4D-Var) method uses the65

adjoint of Eulerian models to calculate sensitivities of surface fluxes to observations (Baker66

et al., 2006; Henze et al., 2007; Jiang et al., 2017; Qu et al., 2022). Kalman filters are67

also widely used in flux inversions, which calculate covariance matrices between prior fluxes68

and GHG concentrations simulated by Eulerian models to estimate posterior fluxes (Feng69

et al., 2009; Kang et al., 2011). Alternatively, LPDMs can be used to calculate sensitiv-70

ity of each observation to its upwind sources by simulating the trajectories of an ensem-71

ble of particles advected backward in time (Fasoli et al., 2018; Jones et al., 2007; Pisso72

et al., 2019). The sensitivity of each receptor to the upwind sources, termed as the re-73

ceptor’s “footprint”, can then be used to estimate fluxes inversely (e.g., Turner et al. (2020)).74

These methods based on full-physics models are becoming prohibitively expensive due75

to the large computational burden of running high-resolution atmospheric transport mod-76

els for dense observing systems.77

Here we present a deep learning-based emulator, FootNet, to efficiently calculate78

footprints of ground-based receptors with high fidelity at kilometer-scale spatial reso-79

lution. The footprint emulator reduces the computational and storage cost of Lagrangian80

model-based flux inversion systems by 2–3 orders of magnitude, which will better accom-81

modate the increased volume of GHG observations. We evaluate the performance of the82

FootNet model using independent data sets. Finally, we assess the relative importance83

of the features in the machine learning emulator using the permute-and-prediction (PaP)84

method.85

2 Method86

2.1 Footprints simulated by the STILT model87

Training of the FootNet model is a supervised learning process. This requires ground88

truth to guide the optimization of the model parameters. Here, we use a full-physics model89

to generate this ground truth. We simulate footprints using the Stochastic Time-Inverted90

Lagrangian Transport (STILT) model (Lin et al., 2003; Fasoli et al., 2018), a Lagrangian91

particle dispersion model (LPDM). The STILT simulations are conducted for two regions:92

the Barnett Shale region in Texas, and the San Francisco (SF) Bay Area in California93

(see Figure S1 in Supporting Information). These two regions are chosen because one94

has simple topography (the Barnett Shale) whereas the other is topographically com-95

plex (SF Bay Area). As such, these regions represent limiting cases for the ML model.96

Further, the combination of two regions will help prevent from overfitting the model to97

a single location. For the SF Bay Area, STILT simulations are run from 2018 to 202098

with receptors located at realistic sites deployed in the BEACO2N network (see http://beacon.berkeley.edu99

and Shusterman et al. (2016)). Footprints for the Barnett Shale region are generated from100

a 1-week WRF-STILT simulation in 2013 (Turner et al., 2018). All footprints are sim-101

ulated within a 400×400 km2 domain at 1×1 km2 spatial resolution.102

2.2 Input variables103

We use 5 physical parameters from the NOAA High-Resolution Rapid Refresh (HRRR;104

Benjamin et al. (2016)) model as the input variables, including the 10-meter zonal wind105

speed (U10M), 10-meter meridional speed (V10M), planetary boundary layer height (PBLH),106

surface pressure (PRSS), and air density at 850 hPa level (AD850). The FootNet model107

receives the input variables from the measurement time (t0) and t0-6h to predict foot-108

prints at t0. We apply scaling and transformation on the input and output fields to sta-109

bilize the training process (see Table S1 in Supporting Information for details). We find110

that including Gaussian plumes (see Figure 1), calculated using an simple idealized plume111

model and reversed wind fields, as one of the input variables could significantly improve112

the performance of FootNet. The Gaussian plume can be efficiently calculated as a Hadamard113

product from inputs listed above and, as such, adds minimal computational expense. The114
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Gaussian plume also provides a localization for the ML model in that it tells the ML model115

where the observation was made and provides an initial guess for what the spatial struc-116

ture should be. The FootNet model is trained to learn the nonlinear transformation from117

the idealized Gaussian plumes to footprints using the meteorological fields. The input118

variables are interpolated to the 400×400 km2 domain and the 1×1 km2 spatial reso-119

lution of footprints.120

2.3 Deep learning model and training details121

The model structure underlying the footprint emulator is the U-net model (Ronneberger122

et al., 2015), which is now widely applied in the field of Earth Science (Ghorbanzadeh123

et al., 2021; He et al., 2022a, 2022b; Zemskova et al., 2022; Tucker et al., 2023). A schematic124

diagram of the model architecture is shown in Figure 1. The model consists of 4 con-125

volutional blocks and 4 up-convolutional blocks. Each convolutional block includes two126

convolutional layers with 3×3 convolutional kernels and one 2×2 max-pooling layer.127

Each up-convolutional layer has one 2×2 up-convolutional layer followed by two 3×3128

convolutional layers. The convolutional layers are activated by the Rectified Linear Unit129

(ReLU) function, and are used to capture the spatial patterns hidden in the data. Out-130

puts from the intermediate hidden layers of the model are termed “latent vectors”, which131

is a condensed tensor used by the up-convolutional blocks to predict footprints.132

We train and evaluate the emulator using a combined data set with 10,000 foot-133

prints from the Barnett Shale and 10,000 footprints from the SF Bay Area. The com-134

bined data set is randomly split to 85% as the training data set and 15% as the test data135

set. The test data set is independent of the training process. 15% of the training data136

set is used as validation data set to prevent overfitting. We use the mean squared error137

as the loss function and the Adam optimization algorithm.138

2.4 Performance metrics139

We evaluate the performance of FootNet using log-transformed footprints to mit-140

igate the impact of the high skewness of the distribution of typical footprint values. The141

performance of FootNet is assessed using the Intersection-over-Union (IoU) and the Pear-142

son correlation coefficient (r).143

IoU measures the accuracy of the area of non-zero footprints predicted by Foot-144

Net, which is defined as follows:145

IoU =
|Y ∩ Ŷ |
|Y ∪ Ŷ |

(1)

Here, Y and Ŷ stand for the true footprint and the FootNet prediction, respectively. The146

intersection between Y and Ŷ represents the overlapping area of the truth and the pre-147

diction, whereas the union represents the area covered by either the truth or the predic-148

tion. IoU is used widely to evaluate the ability of deep learning models to make accu-149

rately localized predictions.150

We calculate correlation coefficients for footprints in the intersection areas between151

truths and the corresponding predictions, which shows the accuracy in magnitudes of152

FootNet predictions.153

2.5 Permute-and-prediction method154

We use the permute-and-prediction (PaP) method to calculate the importance of155

input variables for footprint emulation, which improves the interpretability of the Foot-156

Net model (Fisher et al., 2019). The PaP method estimates variable importance by per-157

muting each input variable with other variables, and the overall accuracy drop represents158
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Figure 1. Top row shows the schematic diagram of the FootNet model. Detailed structure of

FootNet is shown at the bottom. The orange boxes are 3×3 convolutional layers; the red boxes

represent 2×2 max-pooling layers; the light blue boxes are 2×2 transposed convolutional layers.

The dark blue boxes represent the latent vectors concatenated from previous layers (shown as the

parallel arrows on top).

FootNet’s sensitivity to the permuted variable. We estimate variable importance by cal-159

culating performance drops in both the IoU and correlation of predicted footprints.160

3 Results161

3.1 Evaluating performance of the emulator162

Figure 2 demonstrates the evolution of FootNet predictions during the training pro-163

cess and the overall performance of FootNet after the training converges. Figure 2D shows164

a footprint simulated by the STILT model from the test data set, where the footprint165

is highly nonlinear with a change in direction near the receptor. The corresponding Foot-166

Net predictions are shown in Figures 2 (A-C). After iteration A (shortly after the train-167

ing starts), the FootNet predicts measurement footprints around the receptor with a large168

negative bias and low correlation coefficient of 0.50. Iteration B is about halfway of the169

training process, after which the FootNet prediction better captures the general shape170

of the footprint and the correlation is improved to 0.61. The training stops after iter-171

ation C. The final FootNet prediction has enriched details and attains a correlation co-172

efficient of 0.75. Compared to the test data set (i.e, the true footprints from STILT), the173

IoU of FootNet predictions improves from 0.26 after iteration A to 0.58 after iteration174

B, and attains a correlation coefficient of 0.76 (see Figure 2A). Figure 2F shows the com-175

parison between the truth and FootNet predictions for all footprints in the test data set.176
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FootNet predictions show a slight negative bias compared to footprints simulated using177

the full-physics STILT model. The overall correlation between FootNet predictions and178

STILT simulations is 0.58.179

Figure 3 shows footprints from STILT and FootNet for the two regions: the Bar-180

nett Shale and the SF Bay Area. Figures 3A and 3E show results from the simple case181

(Barnett Shale), where the footprint is similar to an idealized Gaussian plume with time-182

reversed winds. FootNet well captures both the magnitudes and spatial patterns of the183

footprint, with an IoU of 0.71 and a correlation coefficient of 0.53. Figures 3B and 3F184

demonstrate a more complicated meteorological scenario from the Barnett Shale region.185

The IoU metric and correlation coefficient between the STILT footprint and the Foot-186

Net prediction are 0.74 and 0.59, respectively, for this more complex scenario.187

Atmospheric transport in the SF Bay Area is decisively more complex as the re-188

gion includes steep topography, air-sea interactions, and numerous valleys and deltas;189

Figures 3C and 3D show results from the full-physics model for this region. Emulation190

of footprints in the SF Bay Area is thus more challenging with an overall degraded fi-191

delity as compared to the Barnett Shale region. Figures 3C and 3G show a receptor with192

the bulk of the footprint in the Northwest quadrant, these typical meteorological con-193

ditions for the SF Bay Area in the summertime with westerly flow bringing airmasses194

into the SF Bay Area past the Golden Gate Bridge. The shape and the magnitude of195

the footprint is predicted by FootNet with an IoU of 0.44 and the correlation coefficient196

to be 0.83. Footprints shown in Figures 3D and 3H show a more complex meteorolog-197

ical scenario. Compared to STILT, the FootNet prediction has an IoU of 0.59 and the198

correlation is 0.72.199

There have been other methods developed to improve the efficiency of footprint cal-200

culations. For example, Roten et al. (2021) uses nonlinear weighted averaging to inter-201

polate footprints from locations near the receptors. Fillola et al. (2023) develops a sim-202

ilar footprint emulator based on gradient-boosted regression trees (GBRTs), at a coarse203

spatial resolution (20–30 km in mid-latitudes) and 10 grid cells around the measurement204

location. The FootNet model reproduces the full-physics model with high fidelity at high-205

resolution. This is impressive given the complex topography and meteorology of the re-206

gions studied here could complicate the emulation of footprints due to their impact on207

transport at kilometer scale. FootNet only takes meteorological fields and the idealized208

Gaussian plume as its input. No additional LPDM simulations are needed to generate209

footprint predictions after the training process.210

Using the full-physics STILT model, it takes about 6 months to run 108 particle211

trajectories for the computation of 1 week of hourly footprints at kilometer scale. The212

storage requirement also makes it impractical to use the full-physics model with dense213

observations, as the computed 1-week hourly footprints would require 4-terabyte stor-214

age space for future re-use. Emulation of footprints using the FootNet model addresses215

these two issues and facilitates LPDM-based flux inversion systems with dense observ-216

ing systems. The generation of each footprint prediction takes ∼1 s on central process-217

ing units (CPUs), which can be further reduced to 0.08 s on a graphics processing units218

(GPU). To analyze a single day of observations made at the 40 BEACO2N sites in the219

SF Bay Area (approx. 650 observations per day), it takes the STILT model 2 hours on220

10 compute nodes with 32 CPU cores to generate the required footprints, whereas only221

6 min is required for FootNet on one GPU node. This computational efficiency of the222

approach mitigates the storage requirement, as footprints could be generated by Foot-223

Net in near real-time and there is no need to storage the computed footprints.224

3.2 Importance of input variables225

Figure 4 shows the ranking of variable importance for FootNet calculated using the226

PaP method. We group variable importance by variable names and time steps. The most227
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r = 0.58

Figure 2. Convergence of the training process and evaluation of the model performance on

the independent test data set. (A-C) FootNet predictions from three stages in the training pro-

cess, corresponding to the truth in (D). The blue arrows represent wind vectors, and the green

stars show the location of the receptors. (E) Comparison between footprints simulated by STILT

and FootNet predictions in (A-C). (F) Comparison between FootNet and STILT for all footprints

in the test data set.

important meteorological variables are the 10-meter wind speeds, which lead to a ∼0.4228

decrease in correlation and the IoU drops by ∼0.16. Permuting Gaussian plumes degrades229

the IoU of correlation of FootNet predictions by 0.25 and 0.1, respectively. FootNet is230

less sensitive to surface pressure and air density at 850 hPa than other input variables,231

and planetary boundary layer height shows the lowest variable importance. Meteorolog-232

ical variables from different time steps show similar importance for footprint emulation.233

The IoU is more sensitive to meteorological variables from t0 − 6h, whereas informa-234

tion from the measurement time (t0) is more important for the magnitude accuracy of235

FootNet predictions.236

PaP method provides a rough estimate of variable importance, this is because the237

inter-correlation between input variables can lead to an inflation of the feature impor-238

tance (Hooker et al., 2021). Nevertheless, the calculated variable importance is in align-239

ment with with our understanding about the calculation of source-receptor footprints.240

Namely, that the computation of footprints with a full-physics model requires advect-241
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ing particles with the precomputed wind fields, the PaP method indicates the importance242

of this in the ML model by identifying the 10-m winds as the most important param-243

eters. The Gaussian plume is also identified as highly important. This is, again, because244

the Gaussian plume is the only input field that provides information about the location245

of the observational receptor location.246

4 Conclusions247

Here we described the developed a machine learning emulator of surface measure-248

ment footprints, FootNet. This machine learning model can be used to improve the com-249

putational efficiency of high-resolution greenhouse gas flux . The FootNet model was trained250

and evaluated using footprints simulated by the STILT full-physics model for the SF Bay251

Area and the Barnett Shale region. We show the FootNet prediction evolves and con-252

verges to the STILT truth as the training iterates. The overall correlation between Foot-253

Net predictions and the STILT simulations is 0.58. The footprint emulator well predicts254

both the shapes of magnitudes of footprints with a high fidelity. We calculate variable255

importance for FootNet using the PaP method to improve the interpretability of the Foot-256

Net model. 10-meter wind speeds and Gaussian plumes have the greatest importance257

for the emulation of footprints. The emulation of footprints using FootNet is computa-258

tionally efficient and mitigates the burden of storing footprints for each measurement lo-259

cation, which makes it feasible to deliver high-resolution estimates of GHG fluxes in near260

real-time using proliferated dense observing systems in the future.261

5 Open Research262

We use the full-physics Stochastic Time-Inverted Lagrangian Transport Model (STILT)263

to simulation footprints for the training of FootNet. The STILT model could be accessed264

from https://uataq.github.io/stilt/ (Fasoli et al., 2018). The footprints simulated265

by the STILT model are available through Turner et al. (2018) and Turner et al. (2020).266

Examples of the footprint data sets used in the training process could be downloaded267

from https://hermes.atmos.washington.edu/footnet training samples/footprints268

data.tar.gz. The meteorological variables are from the High-Resolution Rapid Refresh269

(HRRR) data product, which is available at https://rapidrefresh.noaa.gov/hrrr/270

(Dowell et al., 2022; James et al., 2022). The repository of the code used in the manuscript271

is publicly available at https://github.com/tailonghe/FootNet tf/.272
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Figure 3. Evaluation of individual FootNet predictions for the test data set. (A-D) Footprints

simulated by the full-physics STILT model for the Barnett Shale region and the SF Bay Area,

which are treated as the truth in the training process. (E-H) Footprint predictions made by Foot-

Net corresponding to (A-D). The blue arrows represent wind vectors, and the green stars show

the location of the receptors. (I-L) Comparison and correlation between the truths and predic-

tions for the four examples.
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Figure 4. Rankings of importance of the input variables estimated using the permute-and-

predict (PaP) method. (A) Performance drop in the correlation coefficients after permuting the

input variables.
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